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ABSTRACT

A set of autonomous navigation algorithms for small-
body exploration is proposed, coupling pose-only factor-
graph based SLAM with an EKF for velocity estimation.
Monocular camera, star tracker, and LIDAR altimeter
measurements are tied together in a unified framework.
Rotational states are estimated using light-curves and the
DAAVE algorithm, refined by a MEKF. Simulations on
Bennu and camera-in-the-loop tests show estimation ac-
curacy in the order of 10–20 m position, <0.5° attitude,
and 0.1 mm/s velocity errors. Loop closures and LIDAR
measurements are found to be crucial in bounding the un-
certainty of the estimates. The proposed design reduces
the graph complexity with respect to a fully coupled im-
plementation and supports staged, autonomous approach
operations.

Key words: autonomous small bodies characterization;
monocular SLAM; factor graph; lidar altimeter.

1. INTRODUCTION

Recent deep-space missions have revealed the wide diver-
sity of asteroids in size, shape, rotation, and surface prop-
erties. However, only preliminary information can be in-
ferred from Earth. High-fidelity characterization neces-
sarily requires in-situ data gathered by dedicated space
missions. At present, small body properties are estimated
on ground: images are downlinked from the spacecraft
and processed in batch to recover both the body prop-
erties and the spacecraft state [1, 2]. An essential tool
currently used in this process is stereophotoclinometry
(SPC) [3], which is however compute-intensive, needs
manual intervention to foster convergence, and drives
downlink volumes due to the required high number of im-
ages. Increased on-board autonomy can shift part of this
workload to the spacecraft, reducing ground dependence
and data exchange while improving responsiveness and
science return.

Simultaneous localization and mapping (SLAM) offers
an alternative to the current ground-centric paradigm by
estimating the spacecraft pose and a consistent map of

the target online, and has gained attention for small-
body exploration [4–6]. Recent works have extended
SLAM toward full target characterization—spin axis, ro-
tational period, inertia, mass, and gravity [6–10]. Most
of these systems adopt either a graph-based or a filter-
ing approach. A first exception investigating a hybrid
graph-filter design has been shown in a LIDAR-centric
pipeline [5]. Later, a preliminary comparison of graph-
filter approaches was presented in [11], indicating that
delegating dynamics to a filter can still preserve accuracy
while lowering factor-graph complexity. Many monoc-
ular methods assume known scale or use a single depth
anchor, whereas removing the scale ambiguity inherent
of the SLAM problem with explicit LIDAR ranges is less
common [10].

This work presents a SLAM algorithm that combines a
factor graph for spacecraft pose estimation and mapping
with an EKF to estimate velocity states. The sensing suite
assumes a monocular camera, a LIDAR altimeter, and a
star tracker, where the LIDAR range measurements is re-
alistically introduced in the estimation process to solve
scale ambiguity. This mix is common on deep-space
probes and is suitable even for small platforms [12]. Two
additional dedicated routines estimate the rotational pe-
riod and spin axis. Following typical approach strate-
gies [13], the rotational period is estimated at larger dis-
tances, then refined together with the spin axis when the
target is resolved but still within the camera FOV. Finally,
the full SLAM pipeline is run in close proximity. This
staged estimation supports realistic and safe operations
before committing to closer orbits, which require a high
degree of target knowledge accuracy.

2. SLAM ALGORITHM

The SLAM algorithm is based on an estimation back-end
that relies on incremental factor graph optimization us-
ing iSAM2 [14], and an image processing front-end con-
sisting in a keyframe-based pyramidal implementation of
the KLT optical tracker [15]. An EKF is run in parallel to
iSAM2 in order to estimate the spacecraft velocity, which
is not included in the factor graph. The following sections
describe these two components in detail.
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Figure 1: Representative images from each of the three
phases. At far distance, the rotational period is estimated.
At intermediate distance, the spin axis is determined and
the angular velocity is refined. Finally, the full SLAM
algorithm is run in the close proximity phase.

2.1. Image processing

The front-end module is based on a Pyramidal KLT al-
gorithm. The tracking approach has been preferred over
feature matching because limited appearance changes are
expected between consecutive images, given the rela-
tively slow dynamics that characterize spacecraft in prox-
imity of small bodies. Indeed, typical velocities (relative
to the target) are in the order of cm/s or dm/s. Illumi-
nation changes play a role for long-term tracking, since
shadows on the surface change significantly as the small
body rotates. Nonetheless, image-to-image changes are
small, and appropriate feature selection limits the impact
of shadows on the tracking accuracy.

Features are interest points in the image that can be rec-
ognized in subsequent frames. A variety of feature de-
tection algorithm are available in the literature. In this
work, the Harris detector is used, a well-known and com-
putationally affordable algorithm [16]. After the initial
set of features is extracted, two postprocessing steps are
applied. First, features close to the asteroid outline and
the terminator region are discarded. These are known to
provide poor tracking performance [17]. Second, a clus-
tering procedure is applied to select a subset of features
spread over the image plane. The k-means algorithm is
used to cluster features. Then, for each cluster the feature
with the strongest corner response is stored as the corner
response is a measure of the feature quality [16].

When performing feature tracking on an image sequence,
keypoints are periodically detected in a subset of frames,
called reference images or keyframes. They are then
tracked on subsequent frames until too many features are
lost, at which point a new extraction step is performed.
Keyframes are also used to reject possible outliers gen-
erated by the tracking process. At each frame, a MSAC-
based outlier rejection step is carried out, which relies on
the estimation of an essential matrix relating the current
frame to the last keyframe.

When a new keyframe is extracted, the remaining in-
liers are passed to the back-end algorithm, which treats
their image coordinates as measurements in the estima-
tion process.

2.2. Factor Graph construction

The factor graph formulation represents the essential
backbone of modern SLAM systems, as it allows accurate
and efficient estimation through incremental optimization
algorithms. In this work, the framework is exploited to
combine observations of surface features, provided by the
front-end, with LIDAR range measurements.

Feature observations in multiple images are encoded us-
ing projection factors, which account for the reprojection
error of each landmark. When a new keyframe is inserted,
the currently active features are divided in two sets. The
first contains those features that already have an associ-
ated landmark in the graph. For each feature in this set,
a new projection factor ϕproj is added. The factor’s noise
model is constructed based on the track length, that is the
number of consecutive images the same feature has been
observed. For a track length lT (i.e., number of frames),
the standard deviation of the projection factor is modelled
as σproj = 0.1lT . This is to account for the drifting be-
haviour typical of feature tracking algorithms. Finally,
the covariance matrix is assumed to be isotropic.

The second set of features contains new observations and
landmarks that had already been observed, but have not
yet been inserted into the graph. These are stored until a
minimum number of observations ninit is available, after
which the landmark is triangulated and initialized. This
value was set to ninit = 3 for this work. The triangula-
tion is based on a multi-view DLT algorithm [18], mini-
mizing the feature reprojection error across all keyframe
views [19]. Once a landmark is initialized, projection fac-
tors are added for all keyframes in which it was observed,
using the same noise model discussed above. After every
feature has been processed, the SLAM solution is incre-
mentally updated using iSAM2 in two separate steps. The
first is carried out after the introduction of projection fac-
tors for the already observed landmarks (set 1), while the
second after the initialization step (set 2). This strategy
has been found to increase the robustness of the optimiza-
tion process with respect to performing a single update
including all newly added factors. As the problem is non-
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Figure 2: Illustration of the constructed factor graph for
a subset of variables. l1 is a LIDAR feature associated to
both a projection factor and a range factor. The essential
matrix factor is represented in green.

linear, iSAM2 requires initial values for all new variables
added to the graph. While landmarks are initialized via



triangulation, there are two options to compute the poses’
initial guess. The first relies on the PnP algorithm, which
estimates the spacecraft pose with respect to an asteroid-
fixed reference frame A using observations of already ini-
tialized landmarks [20]. This method is used when the
inertial attitude of the asteroid is considered unknown.
In contrast, the second method involves star tracker mea-
surements for the camera attitude and the EKF predic-
tion for the position. Since the filter estimates the space-
craft state in the inertial frame N , the propagated posi-
tion needs to be rotated to the asteroid-fixed frame be-
fore being used for the optimization process. Therefore,
the knowledge of the target attitude CAN (rotating from
inertial to asteroid-fixed frame) is necessary, and is esti-
mated by the additional algorithms described below (sec-
tions 3 and 4). Similarly, the orientation part of the initial
guess corresponds to the attitude of the camera with re-
spect to the asteroid-fixed frame. This can be obtained by
combining star tracker measurements, simulated assum-
ing Gaussian distributed errors, with the inertial orienta-
tion of the asteroid.

Loop closure detection is carried out using the classical
bag of words (BoW) approach [21]. At each keyframe, up
to 10000 ORB features are extracted and used to synthe-
size a global BoW descriptor. The latter is compared to
those of previous images with a phasing of more than 10
frames, to compute a similarity score. The image with the
highest score is considered as a candidate loop closure. A
validation step based on feature matching attempt is then
performed. Two new sets of ORB features are extracted
from the candidate images and matched, which under-
goes an outlier rejection step using MSAC combined with
the direction of motion estimation algorithm described in
Christian et al. [22]. If the process is successful and a
minimum number of 10 inliers is found, a loop closure
factor is added to the factor graph, in the form of an es-
sential matrix constraint ϕess mat. The latter is constructed
by combining the direction of motion estimate used to
validate the loop closure with the orientation change be-
tween the two camera frames, obtained starting from star
tracker measurements. This procedure increases accu-
racy and robustness with respect to directly estimating the
full essential matrix from the candidate feature matches.
After a loop closure is added, a further incremental opti-
mization step is carried out. To initialize the algorithm,
it is assumed that an initial state with associated uncer-
tainty is available. Then, prior factors defined using prior
knowledge and the EKF propagation are placed on all ini-
tial poses until the first set of landmarks is initialized.

2.3. Extended Kalman Filter design

Unlike the factor graph framework, the Extended Kalman
Filter enables the estimation of the spacecraft’s inertial
position and velocity at any timestamp. The latter com-
bines the position estimates produced by the graph solver,
here treated as measurements, with a dynamical model of
the spacecraft motion. The EKF propagation step is the
first operation performed when a new keyframe is pro-
cessed. The dynamics includes the asteroid central grav-
ity and the SRP effect. Then, relevant factors are added

to the graph and the optimization process is carried out.
Finally, the EKF measurement update is run using the op-
timized spacecraft position as measurement. Specifically,
the latest estimate of the position in the asteroid-fixed
frame is retrieved from iSAM2 together with its marginal
covariance. Both are converted to the inertial reference
frame according to:

r⃗N = CNA r⃗A (1)

PN
rr = CNA PA

rr C
T
NA (2)

Position measurements are slightly underweighted by in-
flating the covariance matrix before proceeding with the
standard EKF update step, to mitigate the detrimental ef-
fect of neglecting correlations:

R = 4 PN
rr (3)

2.4. LIDAR Measurements Integration

LIDAR altimeter measurements are essential to break the
scale ambiguity inherent in monocular cameras. Their
integration in the SLAM system is based on the algo-
rithm proposed in [23], but included here in a graph-
based framework rather than a filtering context. The idea
of the algorithm is to track specific features whose dis-
tance is known from the altimeter measurement. As the
associated landmarks are optimized, the correct scale is
provided by the LIDAR measurements and propagates to
the rest of the solution.

The algorithm assumes that the LIDAR-camera cross-
calibration is known. Thus, the LIDAR pointing direc-
tion can be directly associated to a pixel in the camera
images. At each keyframe, a patch surrounding the coor-
dinates of the LIDAR point is extracted from the image,
as illustrated in fig. 3. Then, the corner response within
that patch is computed using the Harris corner score for-
mulation [16]. When the corner response is above a cer-
tain threshold, a LIDAR landmark is initialized and added
to the factor graph. The initialization is straightforward,
since the 3D point coordinates can be reconstructed by
combining the image location with the altimeter measure-
ment, without the need for triangulation. LIDAR features
are inserted in the graph with two different factors: a pro-
jection factor that minimizes the reprojection error, and
a range factor that constrains the depth of the landmark.
After initialization, the LIDAR feature is tracked across
subsequent frames. To increase robustness, an outlier re-
jection step is performed to verify that the tracked fea-
ture is consistent with the essential matrix estimated by
the front-end. If the feature is successfully tracked un-
til the next keyframe, a projection factor is added to the
factor graph. It is highlighted that no additional range
factors are added after the initialization step. Indeed, as
the spacecraft moves and the asteroid rotates, the LIDAR
measurement point moves across the surface and can no
longer provide the range to the same feature. Nonethe-
less, if the LIDAR feature is successfully tracked for at
least two keyframes, the initial measurement is enough
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Figure 3: Illustration of the LIDAR feature patch, in red.
The camera frame and FOV are represented in black. Im-
age size not to scale.

to break scale ambiguity. More than one LIDAR fea-
ture can be tracked in parallel. However, to avoid redun-
dancy, they are initialized only if the distance between
the LIDAR pixel and the closest active LIDAR feature is
larger than a threshold set equal to 1/4 of the largest im-
age size. LIDAR measurements are simulated by adding
white noise with a standard deviation of 10 m to the true
range of the feature. Similarly, when depth factors are in-
troduced in the graph, measurements are slightly under-
weighted by doubling the associated standard deviation.

3. ROTATIONAL PERIOD ESTIMATION

The initial estimation of the asteroid rotational period is
based on the observation of the light curve generated by
the target at far distance, during the approach phase [24].
Each image is initially filtered to retain only pixels whose
intensity is above a certain threshold. The sum of their
intensities in every image generates a light curve, whose
total intensity changes as the target rotates. An example
over a 4-day time period is shown in fig. 4a for Bennu.

The light curve signal is then processed using the Fast
Fourier Transform (FFT) algorithm to retrieve its fre-
quency components. The periodicity induced by the ro-
tation of the asteroid generates peaks associated to the
rotational period and its multiples. In particular, the first
two peaks of the FFT should be associated to the rota-
tional period and its double. Therefore, if their ratio is
close to 2, the estimate is considered valid and the period
is retrieved from the associated frequency. Fig. 4b illus-
trates the FFT corresponding to the example light curve,
showing the prominent peaks associated to the rotational
period.

4. SPIN AXIS ESTIMATION

Knowledge of the target’s spin axis is essential to define
an asteroid-fixed reference frame and relate the surface-
relative pose, estimated by the SLAM algorithm, with
the inertial spacecraft state, estimated by the EKF. The
Discrete Adaptive Angular Velocity Estimator (DAAVE)
algorithm [25, 26] is used for this scope. The latter es-
timates the angular velocity direction given a sequence

0 1 2 3 4

t [days]

6500

7000

7500

8000

8500

9000

9500

T
o

ta
l 
in

te
n

s
it
y
 [

D
N

]

(a) Light curve.

0 0.5 1 1.5

Frequency [Hz] 10
-3

0

100

200

300

400

500

A
m

p
lit

u
d
e
 [
-]

(b) Single-sided FFT.

Figure 4: Example light curve and associated FFT for
Bennu.

of quaternion measurements of an arbitrary frame over
a sliding window. It is worth noting that the algorithm is
also suitable for tumbling targets, although only asteroids
in stable rotation are considered in this work.

More in detail, the inertial direction of the asteroid’s an-
gular velocity vector can be reconstructed by combining
the target-relative attitude of the spacecraft, as provided
by the SLAM algorithm, with the inertial estimates of
the star tracker. Here, the SLAM system is run in a re-
duced mode without the need for the transformation be-
tween the inertial and the asteroid-fixed frame and with-
out using EKF data. Similarly, LIDAR measurements
are assumed to be unavailable given the larger distance
to the target. Therefore, prior factors with small errors
are placed on the initial poses to fix the scale of the solu-
tion, as is customary in these cases [27]. To construct the
sequence of quaternions required by DAAVE, the arbi-
trary target-fixed frame is defined as the camera frame at
the first image, denoted as C0. The SLAM algorithm pro-
vides the sequence of camera orientations with respect to
the asteroid surface, q⃗C\A(t). It is highlighted that, being
C0 a target-fixed frame, q⃗C0\A is fixed in time, whereas
q⃗C0\N (t) varies according to the asteroid rotation rate.
Indicating quaternion composition with the convention
qCA = qCB ⊗ qBA, the time history of C0 with respect
to the inertial frame can be obtained:

q⃗C\C0
(t) = q⃗C\A(t)⊗ q⃗A\C0

(4)

q⃗C0\N (t) = q⃗−1
C\C0

(t)⊗ q⃗C\N (t) (5)

where q⃗−1
B\A = q⃗A\B denotes the quaternion inverse. The

quaternion measurements are aggregated into a 4xL ma-
trix of the form:

QC0\N = [q⃗k−L+1 q⃗k−L+2 ... q⃗k] (6)

where L is the size of the sliding window and for brevity
q⃗k = q⃗C0\N (tk). The angular velocity direction can be
found from the SVD of QC0\N as detailed in [25, 26].
Finally, the ω⃗ is further filtered by taking its average in
time to obtain the final estimate, denoted ˆ⃗ω.

5. ANGULAR VELOCITY REFINEMENT

The light curve estimation method, discussed in section 3,
provides an initial guess of the target’s rotational period



that can be further refined during the intermediate dis-
tance phase. Inspired again by [26], the asteroid’s angular
velocity is estimated using a multiplicative EKF (MEKF)
algorithm. This is initialized with the angular velocity
magnitude and direction from the previous algorithms,
and is run in parallel with spin axis estimation, using the
estimates of the quaternion qC0\N (t) as measurements.
The key idea behind this approach is that the MEKF is
capable of refining the angular velocity estimate by en-
forcing the kinematics constraint as well as by weighting
measurements according to their covariance, contrarily to
DAAVE. The full derivation of the filter can be found in
the reference paper [26].

6. RESULTS

The presented set of algorithms is tested in a sequence of
simulations, one per phase, each considering the previous
results as initial input. Bennu is chosen as simulated test
case scenario, being well-characterized but still challeng-
ing. Results are presented according to the order in which
they are obtained: rotational period estimation; spin axis
determination and angular velocity refinement; the full
SLAM algorithm. A camera-in-the-loop image sequence
obtained in the RETINA facility is also used to assess the
last module [28]. A monocular camera with a resolution
of 1024x1024 px and a FOV of 10x10 deg is considered
for all simulations except the camera-in-the-loop test. For
the intermediate and close distance phases, truth trajecto-
ries are generated considering the effect of the asteroid
gravity field up to 4th order and degree, SRP (cannonball
model), and the Sun’s 3rd body perturbation.

6.1. Rotational Period Estimation

Rotational period estimation is carried out when the aster-
oid occupies only few pixels in the camera images. Sim-
ulations start at a distance of 250 km from the target. In
this case, a simple rectilinear trajectory is simulated given
the large distance and short time-span. The spacecraft ve-
locity is thus assumed constant and equal to 0.05 m/s in
the direction of the target. 4 days of simulation are con-
sidered, with an image acquired every 5 minutes. The
approach phase angle starts at 34.3 deg, and the variation
throughout the trajectory is in the order of 1 deg. The
light curve and the associated FFT for the Bennu test case
are reported in fig. 4, where the frequency peaks associ-
ated with the rotational period are clearly visible. The
estimate produced by the algorithm is 4.2704 h, which
corresponds to a relative error of 0.598%.

6.2. Spin Axis Estimation and Angular Velocity Re-
finement

This section presents the results of the spin axis and angu-
lar velocity estimation and refinement, with DAAVE and
MEKF algorithms respectively. The initial uncertainty
for the MEKF is set to 1% of the true value, while the
measurement angular error is assumed equal to σθ = 0.5
rad, and the process noise Qw = 10−22 rad2/s3. For the
Bennu scenario, a hyperbolic trajectory similar to those
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Figure 5: Bennu spin axis estimation error.

carried out in the characterization phase of typical small
body missions is considered [29]. The hyperbolic arc is
symmetric with respect to the Sun direction, and the dis-
tance is slightly below 6 km. The simulation has a dura-
tion of 1 day, with images acquired every minute. Both
the raw estimate produced by the DAAVE algorithm and
its averaged value are reported, run with an initial win-
dow size of 10 keyframes. After 5 hours the averaged
estimate is found to closely match the true spin axis di-
rection. This is confirmed by the angular errors computed
between the true and estimated spin axis directions as
shown in fig. 5. The averaged estimate is overall more
stable, the raw estimation error being lower in the cen-
tral phase, which corresponds to the part of the trajectory
closest to the target. Even if the error starts to increase as
the spacecraft moves away, an highly accurate final esti-
mate is achieved, characterized by an error of 0.0186 deg.
As for the angular spin rate, the refined estimate from the
MEKF improves upon the initial guess, attaining an error
of 0.0197 deg/day.

6.3. SLAM Algorithm - Simulated scenario

This section reports the results of the SLAM system,
started from the previously obtained estimates. At the
initial epoch t0 the asteroid-fixed frame A0 is defined as-
suming the z axis aligned with the estimated spin axis.
The x and y axes are chosen such to minimize the angle
between the estimated and true directions, thus construct-
ing R̂Ak\N . Finally, the DCM R̂Ak\A0

accounting for
the rotation of the asteroid between time instants t0 and
tk is defined as:

R̂Ak\A0
=

[
cos(ω̂∆t) sin(ω̂∆t) 0
− sin(ω̂∆t) cos(ω̂∆t) 0

0 0 1

]
(7)

where ∆t = tk − t0. The attitude at any time tk can
be then computed by composing the two rotations. It is
noted that the algorithm does not explicitly model the un-
certainty on the asteroid attitude. The trajectory consid-
ered for Bennu is nearly circular, starting at a distance
of 3 km, and lasts 1 day, with an image acquired every
minute. The initialization error is assumed to be char-
acterized by a Gaussian distribution with 0 mean and a
standard deviation of 20 m for each position component,
and 5 mm/s for the velocity. As for the frontend, the Har-
ris corner detector is used. It is remarked that monocular
SLAM solutions are defined up to a Sim(3) transform.
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Figure 6: Position error of the smoothed solution for
Bennu - Camera frame.

Therefore, absolute rotation, translation, and scale are
unobservable from images alone. In this work, the star
tracker measurement fixes the absolute attitude while the
LIDAR altimeter fixes scale, leaving only a global trans-
lation undetermined. Before evaluating errors, it is there-
fore necessary to register the reconstructed surface to the
reference asteroid model, for instance using an ICP algo-
rithm [30]. The estimated rigid translation is used to shift
the map and the spacecraft trajectory, in order to align the
CoM of the reference model with that of the map. This
preserves all relative geometry and does not change the
solution’s validity, but enables the proper evaluation of
the mapping errors in terms of navigation relative to the
target. It is noted that the initial phase angle for the given
trajectory is 34 deg, which increases up to more than 95
deg towards the end of the simulation, the latter being a
challenging condition for vision-based algorithms. The
position errors in the camera frame corresponding to the
smoothed estimate are shown in fig. 6, i.e., the best es-
timate of the trajectory at the final time step, after all
measurements have contributed to all states. The cam-
era frame is defined with Z axis aligned to the boresight,
and x, y axes to the image frame. The orientation error is
defined as the local error between the true and estimated
target-relative attitude. Plots of the latter are omitted for
brevity. The results demonstrate good performance for
all the considered quantities. For the position, the high-
est accuracy is observed in the z direction thanks to the
highly effective LIDAR measurements. Errors in the x
and y axes oscillate around 10-20 m of magnitude. Ori-
entation is also well estimated, with error components be-
low 0.5 deg throughout the simulation. Figure 7 reports
the errors and associated uncertainty of the instantaneous
estimate, corresponding to the best solution available af-
ter each keyframe update. Thus, the instantaneous values
do not contain information introduced in the subsequent
frames as the smoothed one, and can be interpreted as
the best available estimate while running the algorithm
online. The effect of loop closure is easily appreciable
by considering the pose uncertainty. This grows signifi-
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Figure 7: Position error of the instantaneous solution for
Bennu - Camera frame.

cantly until the first successful loop closure is processed
around 5 hours of simulation time, and settles to steady
values soon after. In this scenario, the BoW approach
is highly effective in correctly identifying loop closures.
Due to the combination of the considered trajectory and
the relatively fast rotation of the asteroid, the spacecraft
re-observes surface regions from similar viewpoints. Fur-
thermore, while illumination conditions change signifi-
cantly across the entire simulation, their variations over
one rotational period of the asteroid are more limited.
These characteristics facilitate loop closure detections.
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Figure 8: EKF velocity errors, Bennu test case, inertial
frame.

As for the velocity, the EKF errors are reported in fig. 8,
represented in the inertial frame. A steady convergence
is observed in the initial part of the simulation, fostered
by the first loop closure. After that, the error compo-
nents settle around 0.1 mm/s, while the 3σ confidence
bound remains around 1.5 mm/s. Position errors are only
marginally better than the instantaneous SLAM solution,
thanks to the contribution of the dynamical model. Fi-
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nally, the mapping errors in fig. 9 confirms the accuracy
of the navigation solution. The latter is computed as the
minimum distance between each landmark and the clos-
est point on the reference model. In most cases errors are
below 5 m, with few instances around 10 m. Landmarks
in the final part of the simulation show higher errors, as
they have been observed in a small number of frames.

6.4. SLAM algorithm - Camera-in-the-loop

Finally, the results of a test with an image sequence ac-
quired using the RETINA facility are presented. The
same trajectory of the Bennu test case is used, shortened
to 5 hours of simulation. As reported in figs. 10 to 12, the
performance remains consistent with the synthetic test
cases, despite different camera specifications, the pres-
ence of noise and image blur that were not considered
before. The most noticeable difference is the lower num-
ber of LIDAR landmarks, mainly attributable to the im-
age blur, which also decreases the corner response value.
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Figure 10: Instant. position error, RETINA test case.

7. CONCLUSION
This work shows that a single, hybrid pipeline can esti-
mate an asteroid’s spin state (period and axis), recover a
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Figure 11: EKF velocity error, RETINA test case.
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Figure 12: Map errors for the RETINA test case.

coarse shape, and localize a spacecraft during approach.
The graph-based SLAM provides consistent mapping and
pose, while a lightweight EKF supplies velocity with-
out injecting full dynamics into the factor graph. LI-
DAR range points remove the monocular scale ambiguity
with minimal added complexity. In simulation, the sys-
tem achieves localization and mapping errors on the order
of tens of meters. Loop closures, when available, sharply
reduce pose uncertainty; where they do not occur, few LI-
DAR measurements along the radial direction still keep
the solution well constrained. The presented set of algo-
rithms may be extended to enable full on-board charac-
terization by including centre of mass and gravitational
parameter estimation, while additional visual measure-
ments such as direction-of-motion may be added in the
factor graph to improve accuracy. The incremental opti-
mization was found to be sensitive to poor initial guesses.
Robustness and computational efficiency on flight hard-
ware remain key next steps, but the results indicate that
the proposed approach is viable within realistic resource
envelopes.
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